Abstract Visual information of similar nodules could assist the budding radiologists in self-learning. This paper presents a content-based image retrieval (CBIR) system for pulmonary nodules, observed in lung CT images. The reported CBIR systems of pulmonary nodules cannot be put into practice as radiologists need to draw the boundary of nodules during query formation and feature database creation. In the proposed retrieval system, the pulmonary nodules are segmented using a semi-automated technique, which requires a seed point on the nodule from the end-user. The involvement of radiologists in feature database creation is also reduced, as only a seed point is expected from
Introduction
Lung cancer accounts for the highest number of cancerrelated deaths than any other cancer in both men and women [1] . At present, there is no effective way to prevent lung cancer except campaigning against smoking. Pulmonary nodules are the potential manifestation of lung cancer [3] . The pulmonary nodules are blob-like structures with the maximum diameter 3 to 30 mm. Accurate interpretation of pulmonary nodules is essential for diagnosis of lung cancer and subsequent plan of treatment. Trainee radiologists have to depend on experienced professionals to enrich their knowledge. The lack of time of experienced radiologists is the major bottleneck for such traditional learning procedure. A content-based image retrieval (CBIR) system could assist the radiologists using the examples of similar nodules. The visual information content in the retrieved nodules could help the radiologists to interpret the corresponding query nodule and its clinical management (biopsy and follow-up scan). Large number of lung CT images are generated by hospitals and clinics everyday, and the images are stored in picture archival and communication system (PACS). The images stored in the PACS system could be used for the development of CBIR system and CBIR-based computer-aided diagnosis (CAD) system.
The works on CBIR system of pulmonary nodules considered a representative slice of the nodule [4, 5] instead of the whole nodule. Moreover, the prior works depend on radiologists for manual segmentation of nodules. The retrieval system with minimal user intervention is desired for clinical use. The performance of retrieval system is also important for its applicability. The aim of the present system is to reduce the user intervention as well as to improve the accuracy of retrieval. So far, the systems can be used by experts viz. radiologists. For the first time, it will be possible for naive users to use the CBIR system. The nodule segmentation technique used in retrieval system [6] require only a seed point from the end user. Thus, involvement of radiologists is reduced in query formation as well as feature database creation. Several shape-based, margin-based, and texture-based features are investigated to improve the accuracy of retrieval. The most relevant feature set is determined using minimum-redundancy-maximumrelevancy-based feature selection technique. The proposed system is applicable for different types of pulmonary nodules based on their internal texture (viz. solid, part-solid, and non-solid) and external attachment (viz. juxta-pleural and juxta-vascular). The most recent CBIR system of Seitz et al. [5] used the boundary information of nodules from radiologists. Therefore, the technique is considered as the gold standard. The retrieval accuracy of the proposed system is close to the gold standard technique for all configurations.
Early diagnosis of lung cancer could improve 5-years survival rate up to 80 % from 15 % [2] . The screening of lung CT images could substantially reduce the mortality rate due to lung cancer [2] . In diagnostic decision making, a radiologist typically compares the present case with few closed cases from a medical archive. A large and ever growing number of digital images demands efficient use of relevant cases in diagnostic decision. Several CAD system have been developed in mammography using certain number of retrieved images [7] [8] [9] . A CBIR-based CAD system is also developed for diagnosis of lung cancer. The accuracy of classification of the proposed CBIR-based CAD system is close to accuracy of the CAD system using support vector machine (SVM).
The paper is organized into several sections: prior works are reviewed in "Background" section, proposed CBIR system is described in "Methodology" section, results of retrieval are provided in "Results and Discussion" section, and the conclusion and future scope of improvement are stated in "Conclusion" section.
Background Prior Works on CBIR Systems
Müller et al. [10] reported the relevance of CBIR techniques in clinical decision making, medical education, and research. These benefits motivated researchers either to develop a general-purpose CBIR system or to develop a specialized CBIR system to support the retrieval of various kinds of medical images. Image retrieval in medical applications (IRMA) [11] presents a general CBIR approach for medical images considering various imaging modalities. IRMA combines a central database with a distributed system architecture and supports rapid prototyping and quick integration of novel image analysis methods. Development of algorithms for retrieval of similar images considering structural contents is a significant research challenge because regions of interest are commonly irregular, overlapping, partially occluded, or highly localized [10] . Therefore, the research objective is to develop algorithms that retrieve semantically and perceptually similar images to provide diagnostic decision support.
Several retrieval systems have been developed for highresolution CT (HRCT) images of lungs. A few well-known examples are ASSERT [12] , medGIFT [13] , and Comparison Algorithm for Navigating Digital Image Databases (CANDID) system [14] . The CANDID system computes a global signature of each image stored in the database that can represent features such as texture, shape, and colour. ASSERT uses a physician-in-the-loop approach for retrieving HRCT images of lungs. This framework is semi-automatic and requires a physician to outline the pathology-bearing regions and identify certain anatomical landmarks. Visual contents like texture, shape, edges, and gray-scale properties of pathology-bearing regions are used for feature-based representation. The medGIFT retrieval system adapted the open-source image finding tool integrated with a PACS system [15] . It uses combinations of textual labels and visual features for retrieval of a variety of images such as CT, magnetic resonance imaging (MRI), and color photos. The works of Lam et al. [4] and Seitz et al. [5] focused on the CBIR system of pulmonary nodules.
Lam et al. [4] developed a CBIR system named 'BRISC' for retrieval of CT image slices of pulmonary nodules from a lung CT image database. The pulmonary nodules are segmented using the boundary information of radiologists. Different texture features (Haralick, Gabor filter, and Markov) are extracted from each CT image slice, representing the nodule. The retrieved nodules for a query nodule are considered to be relevant if the retrieved nodules are other instances (slices) of that same nodule, or the same slice rated by a different radiologist. This method was validated on a database of 2424 images of 141 nodules and achieved a precision of 88 % considering one retrieved image. Though this work is an important milestone in the development of CBIR system of pulmonary nodules, it does not help in self-learning or differential diagnosis.
Seitz et al. [5] designed a CBIR system considering nodules with composite rank of malignancy ratings of 1 or 2 as benign, 4 or 5 as malignant, and 3 as unknown. The pulmonary nodules are segmented by the radiologists. Total 64 image features were extracted from the biggest representative slice of the nodule. The Euclidean distance was used for the similarity measure. They reported the precision of 82.77, 82.57, 81.94, 80.90, and 79.23 % considering 3, 5, 10, 20, 50 top retrieved images, respectively. This tool is important for self-learning and differential diagnosis, but its use is limited as the radiologists need to segment nodule manually. Moreover, manual segmentation is time-consuming and errors prone.
Prior Works on CBIR-Based CAD System
Tourassi et al. [7] developed a CBIR algorithm using mutual information as the similarity metric. The database consists of 1009 mammography region of interest (ROIs) with 681 ROIs containing mass and 328 ROIs containing normal mammography region. Top 302 retrieved images were considered for decision index. The area (A z ) under receiver operating characteristics (ROC) curve of their CBIR-based CAD is 0.87 ± 0.01.
Jin et al. [8] used 24 shape and texture-based features in their CBIR-based CAD system. The database consists of 583 ROIs containing masses and 1417 ROIs containing normal breast region. The reciprocal of Euclidean distance is taken as the similarity measure between two ROI images. Class label of the query nodule is determined based on 120 top retrieved images. The A z achieved by this CAD system is 0.84.
Jiang et al. [9] noticed that the reported that the features used in CBIR systems fall short of scalability in the retrieval stage. Scale-invariant feature transformation was used to overcome this drawback. Vocabulary tree framework was used for efficient retrieval with improved precision. Euclidean distance metric is used for similarity measure between two ROI images. The purpose of this work is to distinguish between mass and normal tissue. A query ROI image is classified according to its best matched database ROIs using majority voting. The CAD system was validated on a large data set of 11,553 ROIs (2340 ROIs containing mass and 9213 ROIs containing normal breast region) extracted from the digital database for screening mammography. Considering top 5 retrieved images, the classification accuracy achieved by the CAD system is 90.8 %.
Methodology
The purpose of the proposed CBIR system is to retrieve similar nodules from a large CT image database. The user provides a seed point for a nodule to indicate it as a query nodule. A cubic volume of interest (VOI) of size (40 mm × 40 mm × 40 mm) is selected considering the seed point as the centroid of the VOI. In the next step, nodules are segmented using the method of Dhara et al. [6] . The features are extracted from the segmented nodule, and corresponding feature vector of the query nodule is formed using these features. The feature database is created using the feature vectors of all pulmonary nodules present in the database. The creation of the feature database and the nodule database is an off-line task. The feature vector of the query nodule is compared with each feature vector in the feature database. The comparison of feature vectors is performed using a distance metrics (viz. Euclidian, Manhattan, and Mahalanobis distance). The minimum value of distance metrics indicates the highest degree of similarity. The retrieved nodules are presented to the user in the descending order of similarity measure. The block diagram of CBIR system is given in Fig. 1 . Different steps of the proposed CBIR system are the segmentation of the query nodule, feature extraction from the segmented nodule, finding similar nodules from database, and retrieval of similar nodules.
Segmentation of Pulmonary Nodules
Pulmonary nodules are segmented using the method of Dhara et al. [6] , which is applicable for different types of pulmonary nodules based on their internal texture (viz. solid, part-solid, and non-solid) and external attachment (viz. juxta-pleural and juxta-vascular). In this technique, pulmonary nodules are classified into solid/part-solid or non-solid by analyzing intensity distribution of nodule core. Two separate algorithms are set for segmentation of solid/part-solid and non-solid nodules. The performance of the segmentation technique of Dhara et al. [6] was compared with the techniques of Kuhnigh et al. [16] , Moltz et al. [17] , and Kubota et al. [18] in terms of four contour-based metrics (mean distance, Pratt function, Hausdorff distance, and modified Hausdorff distance) and six region-based metrics (accuracy, overlap, sensitivity, specificity, similarity angle, and similarity region) [19] . The results proved that method of Dhara et al. [6] is reliable for segmentation of various types of nodules with an improved accuracy.
Representation of Pulmonary Nodules
Several imaging characteristics of nodule such as size, shape, margin sharpness, internal texture, and presence of calcification are important to the radiologists for estimation of malignancy [20] . Several 3D features are used to represent detailed structure the nodules. The 3D features are highly affected by segmentation error. The affect of nodule segmentation technique is very small on the biggest representative slice of a nodule. Therefore, several 2D features are also computed from the biggest representative slice of the nodule. Each pulmonary nodule is represented in multidimensional feature space using a feature vector. Each feature vector is linked with the corresponding subject in the CT image database. According to the nodule characteristics, the features can be grouped into shape-based, margin-based, and texture-based. A few features are not scale invariant. These features are appropriately multiplied with the voxel resolution of nodule.
3D Shape-Based Features
Several 3D shape features are computed using the binary mask of the segmented nodule. The procedure of computing these shape features are described below.
-Sphericity: Irregularity of the shape of a nodule is represented by sphericity and it is defined as [21] 
where V is the volume of the nodule and A is its surface area. The volume of a nodule is computed by multiplying total number of voxel with size of each voxel. The surface area of a nodule is computed by summing the area of all triangles in the nodule mesh. The nodule mesh is generated using marching cubes algorithm [22] . -Spiculation: Spicules are associated with the radial extension of malignant cells and appear as spokes of a wheel. Spiculation of a nodule is computed using the method of Dhara et al. [23] . Several steps of computation of spiculation are identification of tip of each spicule, determination of base area of each spicule, and computation of spiculation of each spicule. The net spiculation of a nodule is computed in two different ways
and,
where ω i is the solid angle subtended at peak point of ith spicule, h i is the height of a spicule, N is the total number of spicules of a nodule under consideration. -Lobulation: Lobulated margin of a nodule is caused by uneven growth. Lobulation is represented using the ratio of total concave surface area and total convex surface area of a nodule [23] . Several steps of computation of lobulation are triangular mesh generation and determination of concave and convex part of the triangular mesh. Lobulation of a nodule is defined as
where S convex is total convex surface area and S concave total concave surface area of the nodule. -Volume: Volume of a nodule is computed by multiplying total number of voxel with size of each voxel [23] . -Surface area: Surface area of a nodule is computed by summing area of all triangles in nodule mesh. -Equivalent diameter 3D: Equivalent diameter of a nodule is defined as [21] 
where V is volume of the nodule. -Major axis length 3D: The major axis length of the bounding ellipsoid of nodule [17] . -Minor axis length 3D: The minor axis length of the bounding bounding ellipsoid of nodule [17] .
-Convex surface area: Surface area of convex hull of the nodule, where the surface area is computed by summing the area of all triangles in the equivalent triangular mesh of the convex hull of the nodule.
2D Shape-Based Features
Several 2D shape features are also computed from the biggest axial slice of the nodules. The foreground region in the biggest representative slice of the nodule is denoted as S biggest . Shape features are computed based on the work of Seitz et al. [5] . The following shape features are used in the proposed retrieval system. -Major axis length: The major axis length of the bounding ellipse of S biggest -Minor axis length: The minor axis length of the bounding ellipse of S biggest -Circularity: The circularity is defined as
where A is area of S biggest and q is convex perimeter of S biggest . -Standard deviation of radial distance 2D: Standard deviation of radial distances of all boundary pixels S biggest .
Margin-Based Features
Margin sharpness is the difference in intensity of the boundary region of a nodule and its surroundings. Margin sharpness is represented using the combination of acutance and histogram spread of averaged gradient of the nodule [24] . Acutance of a nodule is computed using average gradient of all boundary pixels for all the slices containing the nodule.The averaged gradient for Kth boundary normal is represented as [25] 
where f (k), b(k) are part of boundary normal, located in the foreground and background of the nodule. The acutance of a nodule is defined as
where d max is the maximum value of averaged gradient gradient. Histogram spread of average gradient (HSAG) of nodule is defined as
The histogram spread was introduced by Tripathi et al. [26] and its range is (0, 1].
2D Texture-Based Features
-Haralick features: Haralick features are calculated from gray-level co-occurrence matrix (GLCM) [5] . [28] introduced HOG features to represent local object appearance and shape using the distribution of local intensity gradient. The HOG features are computed from the biggest representative slice of the nodule. The mean, variance, and standard deviation of HOG features are used in the proposed retrieval system.
3D Texture-Based Features

3D
Haralick's features are computed using the method of Han et al. [29] . Nine GLCM was computed for each nodule considering nine directions as described Fig. 2 . Fourteen Haralick features [27] were computed from each GLCM matrix. The maximum correlation coefficient is not considered in the proposed retrieval due to large computational time [29] . The mean and range of each Haralick feature over the nine directions are computed as
where H ik is the kth Haralick feature considering ith direction. Total number of 3D Haralick's features are 26.
Feature Selection
The fewer dimension of feature vector indicates less costs of similarity calculation of every search. The relevant feature are identified by considering area (AUC) under the receiver operating characteristics and p values. The AUC is computed using ROC Toolkit [30] , and p values is computed by performing two-tailed Student's t test. Minimalredundancy-maximal-relevance (MRMR) [31] technique is used for further refinement of feature set. The list of selected features are provided in "Results of Feature Selection".
Similarity Measure
The similarity between two images is computed by comparing their feature vectors. Several distance metrics (Euclidian, Manhattan, and Chebyshev) are used for similarity measure in feature space. Distance metrics between the feature vectors A (a 1 , a 2 , a 3 , ....a n ) and 
where n is the dimension of each feature vector.
Retrieval of Similar Nodules
For a given query nodule, the similar nodules are retrieved by comparing the feature vector of query nodule with all feature vectors stored in the feature database. The retrieved nodules are ranked in the descending order of similarity. The number of retrieved nodules are decided by the radiologists.
CBIR-Based CAD System
Based on the work of Jin et al. [8] , a CBIR-based CAD system is developed for pulmonary nodules. A query nodule results a series of retrieved nodules along with their class label. The class label of the retrieved nodules is used to determine the decision index (DI) for nodule classification. A higher DI value means a higher probability that the query nodule is malignant. For a query nodule (Y q ), DI is computed as [8] 
where M is the number of malignant nodules and N is the number of benign nodules among top K retrieved images. Rank(X I ) is the ordering number of X I , when the retrieved images are sorted in descending order.
Results and Discussion
Database Description
The proposed CBIR system and the competing technique are evaluated on 891 nodules of LIDC/IDRI [32] . The rank of nine diagnostic characteristics of all nodules for each subject is provided in an XML file. Diameter of the nodules lies in the range of mm. The nodules with texture index 1 are considered as non-solid, texture index 2 or 3 are considered as part-solid, and texture index 4 or 5 are considered as solid. The result of the biopsy of pulmonary nodules is not available in LIDC/IDRI. A group of four radiologists have provided the rank of malignancy of each nodule on a scale of 1:5, where rank-1 indicates the least chance of malignancy and rank-5 indicates highly suspicious for malignancy. The composite rank of malignancy is the mode of rating of four radiologists. For multiple modes, the floor of the median of rating of four radiologists is considered as the composite rank of malignancy [33] . The composition of nodules based on the composite rank of malignancy is provided in Table 1 . Han et al. [29] considered three different configurations (see Table 2 ) for the evaluation of their CAD system. The same configurations are used for the evaluation of proposed CBIR system and CBIR-based CAD system.
Performance Evaluation Metric
In the present work, each pulmonary nodule is labeled as benign or malignant based on the composite rank of malignancy. The proposed retrieval system focuses on the retrieval of similar nodules for a query benign or malignant nodule. The end-user of the CBIR system are radiologists and they are interested on few top retrieved nodules correspond to a query nodule. Therefore, performance of the 
Results of Feature Selection
Out of 68 features, a set of 60 features is considered as relevant because A z is ≥0.60 and p value is less than 0.05 for those 60 features. Minimal-redundancy-maximalrelevance [31] based feature selection technique is used to refine feature list by removing the uncorrelated features. Total number of selected features by this technique is 50, and these features are used in proposed CBIR system. The list of selected features and rejected features are provided in Tables 3 and 4 , respectively. The spiculation of nodule is an important discriminating feature as it provides A z of 0.78 using Spiculation 1 (2) . The values of spiculation are more reproducible using Spiculation 2 (3) and hence, it is used in the proposed retrieval system.
Qualitative Results of Retrieval
The results of retrieval for the proposed system and the gold standard technique are provided in Fig. 3 for four query nodules. The composite rank of malignancy of the query and top five retrieved nodules are displayed for better understanding. The proposed system and the gold standard technique provides relevant retrieved nodules for a malignant query nodule with composite rank of malignancy: 5 ( Fig. 3a) and a benign query nodule with composite rank of malignancy: 1 (Fig. 3c) . The third retrieved nodule by the proposed P @n represents the average precision considering "n" top retrieved images. The values of "n" are 1, 3, 5, 7, 9, 11, 13, and 15. The configuration-1, configuration-2, and configuration-3 are denoted as C 1 , C 2 , and C 3 , respectively system and second retrieved nodule by the gold standard technique are not relevant to the malignant query nodule with composite rank of malignancy: 4 (Fig. 3b) . The second retrieved nodule by the proposed system and fifth retrieved nodule by the gold standard technique are not relevant to the benign query nodule with composite rank of malignancy: 2 (Fig. 3d) . Base on the retrieval results of Fig. 3 , it is seen that the retrieval performance of the proposed system is similar to the gold standard technique.
Quantitative Results of Retrieval
The precision for each query nodule is noted for different number of retrieved images. All nodules present in the data Table 5 .
In the proposed system, the pulmonary nodules are represented using 50 features, whereas the gold standard technique and automated Seitz et al. considered 64 features. The results in Table 5 depict that the gold-standard technique outperforms automated Seitz et al. and the proposed retrieval system. The gold-standard technique makes use of the segmented result provided by the experienced radiologists. On the other hand, the proposed technique and automated Seitz et al. use an established segmentation technique, and they are vulnerable to the segmentation error. Hence, the gold standard technique outperforms automated Seitz et al. though both of them use the same set of features. The proposed retrieval system considers several 2D shape-based, 3D shape-based, margin-based, and texture-based features of nodules. Though the proposed retrieval system is affected by same automated segmentation scheme, it outperforms the automated Seitz et al. due to the inclusion of more relevant features. The precision is Table 7 Results of classification for CBIR-based CAD system and CAD system using SVM for configuration-1, configuration-2, and configuration-3 higher in configuration-1 as compared to configuration-2 and configuration-3 due to absence of uncertain nodules in configuration-1. The precision of configuration-2 is higher as compared to configuration-3. The fact shows that nodules with composite rank of malignancy "3" have much similarity towards benign category. The retrieval results using Euclidean and Manhattan distance metrics are comparable for all retrieval techniques. The retrieval performance using Chebyshev distance is lower as compared to Euclidean and Manhattan distance metrics. Euclidean and Manhattan distance metrics give equal weight to each component of the feature vector, whereas Chebyshev distance is determined by the maximum absolute difference among the individual components. Therefore, the retrieval performance is more affected by noisy features, if Chebyshev distance metric is used. It is observed that the performance of the gold standard technique is lower than the proposed technique for Chebyshev distance, unlike the other distance metrics (see Table 5 ). It indicates that some of the features of the gold standard technique are more noisy than the features used in the proposed technique.
The retrieval results using Euclidian and Manhattan distance metrics are comparable for all retrieval techniques. The retrieval performance using Chebyshev distance is lower as compared to Euclidian and Manhattan distance metrics. Euclidian and Manhattan distance metrics give equal weight to each component of the feature vector, whereas Chebyshev distance is determined by the maximum absolute difference among the individual components. Therefore, the retrieval performance is affected by noisy features, if Chebyshev distance metric is used. It is observed that the performance of the gold standard technique (see Table 5 ) is lower than the proposed technique for Chebyshev distance, unlike the other distance metrics. It indicates that some of the features of the gold standard technique are more noisy than the features used in the proposed technique.
Results of CBIR-Based CAD System
Each nodules in the database is chosen as a query image. Considering K retrieved images, DI is calculated for the query nodule using Eq. 15. Performance of the proposed CBIR-based CAD system is evaluated in terms of A z . The change of A z with number of top retrieved images is provided in Table 6 for three configurations. The accuracy of classification decreases with the increment of top retrieved images. The classification accuracy is higher in configuration-1 as compared to configuration-2 and configuration-3 due to the absence of uncertain nodules in configuration-1. The classification accuracy in configuration-2 is higher than configuration-3, and the result is consistent with the retrieval accuracy in Table 5 . The classification results also suggest that nodules with composite rank of malignancy "3" have much similarity towards benign category.
The performance of CBIR-based CAD system is compared with the CAD system using SVM and the results are provided in Table 7 . The ROC plots for CAD system using CBIR technique and SVM classifier are provided in Fig. 4 . The classification accuracy of CBIR-based CAD system is close to the classification accuracy of SVM for three configurations.
Computational Time
For the proposed and compering techniques, the mean and standard deviation (SD) of time required for segmentation of pulmonary nodules, computation of features, and retrieval of similar nodules are provided in Table 8 . The computational time is determined using a personal computer with Intel quad-core processor of 2.66 GHz and 8 GB RAM. The time of segmentation of nodule is not available for the gold standard technique, as the segmentation was performed by radiologists. In the case of gold standard technique, the time of nodule segmentation is not included. Hence, the retrieval time of the gold standard technique is lower than automated Seitz et al. and the proposed technique. Due to inclusion of segmentation time, the retrieval time of automated Seitz et al. is higher than the gold standard technique. The proposed retrieval system uses the same nodule segmentation scheme as automated Seitz et al. and delayed by the computation of 3D features. The time of retrieval of the proposed The retrieval time is computed considering ten top retrieved nodules system is much higher than the automated Seitz et al. The 3D features have already proved their worth to improve the precision of retrieval. However, speed of retrieval could be reduced by use of GPU.
Conclusion
A retrieval system is developed to assist the budding radiologists in self-leaning and differential diagnosis of lung cancer. The proposed system may reduce the inter-observer variability during estimation of malignancy using the information of similar nodules. The performance of the proposed retrieval system is close to the gold standard technique where radiologists have drawn the nodule boundary. While reported CBIR system depends on user for nodule segmentation, the proposed system would be fast and easy to use as the user need to provide only a seed point on the query nodule for retrieval of similar nodules. The CBIR system should be updated from time to time to keep it relevant. Availability of dedicated experienced radiologists is the bottleneck for database up-gradation. The semi-automated nodule segmentation technique paves the procedure of easy database up-gradation. Further work is required to improve the performance of nodule retrieval system. The CBIR-based CAD system could also be used for practice as its performance is close to the CAD system using SVM. To improve the performance of CBIR system and CBIR-based CAD system, more research work is required on segmentation of pulmonary nodules, improvement of feature set, and learning based retrieval.
